This paper aims at assessing the magnitude of R&D spillover effects on large international R&D companies' productivity growth. In particular, we investigate the extent to which R&D spillover effects are intensified by both geographic and technological proximities between spillover generating and receiving firms. We also control for the firm's ability to identify, assimilate and absorb the external knowledge stock. The results estimated by means of panel data econometric methods (system GMM) indicate a positive and significant impact of both types of R&D spillovers and of absorptive capacity on productivity performance.
INTRODUCTION
One of the most important development in the new growth and international trade theories has been the recognition of the significant role of knowledge flows between economic agents from different regions or economic areas. According to Grossman and Helpman (1991) , for instance, growth rates are faster when technological change readily flows across international borders. For Romer (1990) , the nonrival and partially nonexcludable feature of the knowledge good does not allow inventors to fully prevent other firms from using their inventions. More generally, knowledge spillovers may be driven by a variety of channels such as the mobility of workers, the exchange of information at technical conferences, or knowledge available in the scientific and technological literature including patent documents. These knowledge externalities or R&D spillovers can benefit to competitors' R&D by lowering the costs of their own R&D activities and in turn may contribute to their productivity performance. However, new products and processes can also render existing ones obsolete or less competitive and firms that encounter difficulties to stay in the R&D race may suffer from rivals' R&D. In this case, R&D externalities are associated with competitive pressures which will translate into negative effects on firms' performance.
The specific type of knowledge flows that economists have most been interested in concerns pure knowledge spillovers 1 . Economists have often investigated the patterns of these knowledge flows from a geographic or a technological perspective, i.e. in terms of geographic proximity or technological linkages between the unit generating these flows and the recipients. Over the last decade, several studies in the literature that examines the spatial dimension of innovative activities have found that knowledge spillovers tend to be locally concentrated (Jaffe, 1989; Jaffe et al., 1993 . At the same time, other studies have shown evidence of a positive relationship between the R&D of 'technological neighbours' and the firm's R&D productivity (as measured by patenting). In terms of productivity performance, the effects of R&D spillovers also appear to be mainly technologically localised (Jaffe, 1986 (Jaffe, , 1988 .
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While very important for economic growth, the two types of geography and technology based R&D externalities have rarely been investigated together (Orlando, 2000) . A first contribution of this paper is to analyse the impact of these spillover phenomena on firms' productivity in a unified framework. To this end, we implement two methodologies to analyse knowledge flows among firms. We construct the R&D spillover stock by considering a technological as well as a geographic proximity measure. The approach for modelling the technology based R&D spillover variable builds on the methodology that was first empirically implemented by Jaffe (1986) .
This method rests on the construction of technological proximities between firms in a technological space. The firms' positions in the technological space are characterized by the distribution of their patents over patent classes. Localization R&D spillovers are performed on the basis of geographic distances between firms which use the latitude and longitude coordinates of corporate headquarters (Orlando, 2000) .
In order for R&D spillovers to be effective, firms must be able to identify, assimilate and exploit the external knowledge stock. The degree of absorptive capacity will depend on the firms' own R&D activities. A second contribution of the study is to analyse the role of absorptive capacity in enhancing the firms' ability to benefit from geographic and technological based R&D spillovers. Following Cohen and Levinthal (1989) , the firm's own R&D is used to measure the level of knowledge accumulation internal to the firm and the importance of absorptive capacity.
We use an extended production function to estimate the impact of R&D spillover components and absorptive capacity besides traditional inputs and own R&D stock (Griliches, 1979) . The dataset consists of a representative sample composed of 808 worldwide R&Dintensive manufacturing firms over the period 19881997. This information is matched to the USPTO dataset of Hall et al. (2001) . The results estimated by means of panel data econometric methods indicate a positive and significant impact of R&D spillovers on productivity performance. On the whole, the elasticity associated with the geographic (resp. technological) R&D spillover pool is two times (resp. four times) the one of the firm's own R&D stock. Furthermore, US
and Japanese firms are mainly sensitive to spillover effects generated by domestic firms while European firms appear to mainly benefit from the international R&D spillover stock.
Geographic and Technological R&D Spillovers within the Triad: Micro Evidence from US Patents
6
The paper is organized as follows. In section 2, we describe the dataset constructed for the purposes of the study. Then, we discuss the different methodologies used to measure the spillover stocks as well as the econometric framework. Section 3 presents the main empirical findings. A concluding section briefly summarises the empirical findings and points out some directions for future research.
Data and econometric framework
Data sources and matching procedure
The dataset has been constructed with the view of setting up a representative sample of the largest firms at the international level that reported R&D expenditures. The show the number of patents used in the database, by country and economic area.
The third source of information concerns the geographic coordinates of firms, i.e. the latitude and the longitude. This information has been retrieved on the basis of firms' headquarters addresses and is used to compute geographic distances between firms.
A major task in assembling the dataset has been the matching of patents from the Ideally, one has to have a 'mapping' of the main firms company to their subsidiaries and affiliates. However, it is not easy to construct an accurate mapping, since it changes over time through the process of merger and acquisition.
Taking into account these issues, the matching procedure consisted of two steps. In a first step, patents were assigned to firms on the basis of their generic names. For instance, when searching for the word "Fiat" we retrieved 435 patent documents.
Examining more in detail the firm's full names reported in these documents, it appeared that 391 patents were assigned to "Fiat S. 
Construction of variables
Given the presence of outliers, a cleaning procedure similar to the one in Capron and Cincera (1998) has been implemented in order to reject firms whose variables displayed very high and frequent variations3. The process of merger and acquisition of firms over time is the most likely reason for the presence of such outliers. All variables have been converted into constant 1995 dollars. Because of the non availability of output deflators at the industry level for each country, net sales (S), net property, plant & equipment (C), R&D expenditures (R) have been deflated using the 2 See Cincera (1998) for more details as regards the content of this database. 3 Any observation for which R&D intensity is less than 0.2% or greater than 50%, net sales per worker, capital stock per worker and R&D capital per worker is above or below three times the interdecile range of the median, the growth rate of net sales is less than minus 90% or greater than 300% or for which the growth rate of labor, capital and R&D stocks is less than minus 60% or greater than 240% has been removed. In addition, we only take firms with observations available for each . These vectors allow one to locate firms into a multidimensional technological space where technological proximities between firms are performed as the uncentered correlation coefficient between the corresponding technology vectors:
where:
Ti. is the technological vector of the firm i and P ij is the technological proximity between firm i and j.
According to this procedure, the total weighted stock of R&D spillovers is performed as follows:
year over the period. All in all, this leads to a balanced panel of 808 firms compared to the raw unbalanced one of 1125 firms. 9 where: K j is the R&D capital stock of firm j. Table 1 illustrates some technological proximity measures for different firms in the dataset. As emphasised by Jaffe (1986), this technological distance index, which takes only positive values, relies on the strong assumption that the appropriability conditions of knowledge are the same for all firms. The more the outcomes of R&D activities are appropriable, the less there will be knowledge flows between R&D performers and the potential users of this knowledge. Since these variables are not observable at the firm level, their direct assessment is hard to pick up. However, in a panel data context, one may assume that these firm specific unobserved effects are constant over the period considered. . Following Orlando (2000), we use the latitude and the longitude coordinates of firms derived from the address of their headquarters. Assuming a spherical earth of actual earth volume, the arc distance in miles between any two firms i and j can be performed according to the Haversine formula:
Geographic and Technological R&D Spillovers within the Triad: Micro Evidence from US Patents
lat lat lon lon d 2 * 3.959 * arcsin sin cos lat cos lat sin 2 2
where: 3.959 is the radius of the earth in miles and latitude and longitude values are in radians.
As stressed by Orlando (2000) 
Once we have computed the geographic proximity Gij among firms, we can construct the geographic based R&D spillover stock for firm i as: . One advantage of estimating different geographic spillovers pools based on different ranges of distances rather than on (5) is that no a priori assumption on how this variable depends on distance needs to be made.
In order for R&D spillovers to be effective, firms must be able to 'absorb' the knowledge generated outside their walls. Yet, the empirical measurement of firms' absorptive capacity, i.e. the ability of firms to identify, assimilate and exploit knowledge from the environment (Cohen and Levinthal, 1989) has proven to be difficult. The usual way retained to measure absorptive capacity is through R&D 10 .
Indeed, as discussed by Cohen and Levinthal (1989) , R&D activities are not only aimed at generating new knowledge but these activities also play an important role in building a firm's absorptive capacity. In practice, it is difficult to disentangle between the two faces of this dual role of R&D. Kinoshita (2000) and Grunfeld (2004) consider the interaction term between the firm's own R&D intensity and the R&D spillover variable to evaluate the firms' absorptive capacity. In this study we consider the R&D stock as an alternative of the R&D intensity in order to capture the cumulative nature of the learning process which helps to build the absorptive capacity.
of the companies of a representative sample carry out their R&D at the same place as their corporate headquarter location. 8 According to the authors, 'embodied knowledge', i.e. the noncodified knowledge attached to people, does not diffuse passed a certain distance which the authors estimate to be of 300 km. 9 In a same vein, if spillovers depend on the technological distance between firms, then the more two firms are closed in the technological space, the more spillovers are important. This question has already been extensively examined in previous studies (Jaffe, 1986 , 1988 , Capron and Cincera, 1998 , Cincera 2005 and is not investigated further here. 
Econometric framework and summary statistics
Following Griliches (1979) , the impact of technological and geographic R&D spillovers on firms' productivity growth besides traditional inputs and the firm's own R&D stock, is estimated by means of a extended CobbDouglas production function:
This function can also be estimated by adding an interaction term between the firm's own R&D capital and the R&D spillover stock by setting:
This allow us to test for the presence and the extent of absorptive capacity.
Replacing (7) in (6), taking the logarithms and introducing a set of time dummies leads to: where: Ns = stock of spillovers between near firms (d ij < 300 km); Fs = stock of spillovers between Far away firms (d ij > 300 km).
Equations (8.18.7) are estimated by means of two econometric models for panel data: first difference and system IVGMM. These models allow controlling for firms' permanent unobserved specific effects, and taking into account the possible endogeneity or simultaneity issue of the explanatory variables with the error term 12 .
The more recent system GMM (GMM SYS) estimator combines the standard set of equations in first difference (GMM F.D.) with suitably lagged levels as instruments, with an additional set of equations in levels with suitably lagged first differences as 
Empirical findings
This section presents the main empirical findings of the paper. Table 2 reports the estimates regarding the impact of traditional inputs, the firm's own R&D stock and the different R&D spillover stocks on productivity growth. Given the reasons discussed before, our favourite estimates are given by the GMM system model *(**)=statistically significant at the 5 (10)% level; Heteroskedasticconsistent standard errors in brackets; S, L, C, K are assumed as endogenous (we use S, L, C, K dated t1 and earlier as instruments); Two step estimates; instruments used: observations dated t1, t2, t3;
Chi² value of Sargan overidentification test and number of degrees of freedom in brackets.
The estimated elasticities associated with the labour variable vary between 0.44 and 0.53 while for the physical capital variable the coefficients range from 0.12 to 0.16. It should be noted that these estimates are somewhat low compared to the ones 15 Note that in practice, some instruments can be dropped due to collinearity between them. 16 Corresponding GMM F.D. results are reported in the . As regards R&D spillovers, there appears to be a rather strong link between technologically based R&D spillovers and firms' productivity performance. The estimated elasticity associated with this variable, 0.61, is significant and higher as compared to the firm's own R&D stock.
The results in Table 2 also confirm the positive relationship between the growth of productivity and the geography based R&D spillover stock. The estimated elasticity associated with this variable is about 0.41 and is again higher compared to the firm's own R&D stock. This result is robust to the alternative weighting measure proposed by Bottazzi and Peri (2003) to construct the geographic spillover's variable, hence confirming the role of localisation effects on knowledge flows and on productivity growth. Furthemore, the estimated elasticity of the 'far away' spillover stock is not significantly different from zero, which suggest the finding of Bottazzi and Peri of no spillover diffusion passed a certain distance between firms (300 km). These findings, which are in line with the results of previous studies, indicate that the geographic distance between firms matter for R&D spillovers
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.
The last column of Table 2 includes both proximitybased R&D spillover variables in the same specification. This allows one to investigate which proximity measure (geographic or technological) matters most to explain firms productivity growth. It is worth noting that adding these two spillover stocks together does not change the estimated elasticities obtained when each variable is estimated separately.
Therefore, we can conclude that the impact of technologically based R&D spillovers in explaining productivity is higher compared to geographic knowledge externalities.
17 As pointed out by Capron and Cincera (1998), this can be explained by the fact that we use net sales instead of value added for measuring the output in equation (6) et al. (1993) , Jaffe and Trajtenberg (1996 , 1999 ), Orlando (2000 , Maurseth and Verspagen (2002) or Greunz (2003) .
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Finally, assuming that the stock of own R&D is a proxy of absorptive capacity, it is possible to analyse the extent to which this capacity interacts with both geographic and technological sources of R&D spillovers. The results reported in Table 3 are in line with the previous ones (Table 2) . Furthermore, we observe a positive impact of the interaction terms between firms' own R&D stock and both types of R&D spillover stocks. These findings suggest the presence of complementarities between these knowledge stocks. Furthermore, the results also indicate no any particular differences between the levels of absorptive capacities and their interaction with the geographic and technological R&D spillover variables. These results are confirmed in the last colum of Table 3 where both R&D spillover stocks and interaction terms with the firms' own R&D stocks are introduced simultaneously 20 . *(**)=statistically significant at the 5 (10)% level; Heteroskedasticconsistent standard errors in brackets; S, L, C, K are assumed as endogenous (we use S, L, C, K dated t1 and earlier as instruments); Two step estimates; instruments used: observations dated t1, t2, t3;
Conclusions
The purpose of this paper has been to assess, besides traditional inputs and the firm's own R&D stock, the impact of two types of R&D externalities on large international R&D companies' productivity growth over the last decade. The first R&D spillover variable considered is formalized by weighting the R&D stocks of other firms The main results of the paper can be summarised as follows. Both the geographic and technological based R&D spillovers stocks have an important and positive impact on the productivity growth of firms. The effects of the pure technological externalities on firms' economic performance appear to be higher as compared to the geographic spillovers. This finding suggests that the technological proximity is more important than the geographic one for the impact of R&D spillovers on firms' productivity growth. Finally, these results are confirmed when controlling for absorptive capacity. Including the firms own R&D stock, the spillover variables and the interaction between the two simultaeously, we find a complementarity effect between own R&D and both sources of R&D spillovers.
In order to further explore these questions, further analyses are needed. Among the few suggestions for future work, we plan, as it has already been done in previous studies, to use information on patent citations to construct a more direct measure for R&D spillovers. Backward citations for instance, i.e. references in patent documents to former patents, can be interpreted as evidence of spillover effects from the knowledge described in the cited patent to the knowledge of the citing patent. In order to further analyse the interplay between geographic and technological proximities for the diffusion of knowledge, both types of R&D spillover stocks could be split into a national and an international component. This would allow testing for the presence of country borders effects such as for instance institutional settings, national policies, language and history (Maurseth and Verspagen, 2002 534, 536, 540, 544, 546, 548, 549, 552, 554, 556, 558, 560, 562, 564, 568, 570 15 Resins 520, 521, 522, 523, 524, 525, 526, 527, 528, 530 19 Miscellaneous chemical 23, 34, 44, 102, 117, 149, 156, 159, 162, 196, 201, 202, 203, 204, 205, 208, 210, 216, 222, 252, 260, 261, 349, 366, 416, 422, 423, 430, 436, 494, 501, 502, 510, 512, 516, 518, 585, 588 2 Computers & Communications
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